Climate change is a widely accepted threat to biodiversity. Species distribution models (SDMs) are used to forecast whether and how species distributions may track these changes. Yet, SDMs generally fail to account for genetic and demographic processes, limiting population-level inferences. We still do not understand how predicted environmental shifts will impact the spatial distribution of genetic diversity within taxa.
Predicting how intraspecifi c genetic diversity is infl uenced by rampant environmental changes triggered by humans is central for conservation and essential for the maintenance of global eco-and evosystem services ( Dawson et al., 2011 ) . Numerous studies have emphasized the association between evolutionary potential and genetic diversity, as diversity provides the raw material for evolution (e.g., Barrett and Schluter, 2008 ; Prentis et al., 2008 ; Jump et al., 2009 ; Takahashi and Katano, 2010 ; Alsos et al., 2012 ) . Genetic diversity has been shown to play a key role in both the past and future trajectory of species, with mounting evidence in studies of climate change (e.g., Garner et al., 2005 ; Alsos et al., 2009 Alsos et al., , 2012 Taubmann et al., 2011 ) . Because only a portion of standing genetic variation will be adaptive under given environmental conditions, genotypes of quantitative traits are oft en seen as ideal targets for understanding evolutionary potential ( Reed and Frankham, 2001 ). However, data on quantitative traits are frequently unavailable, and it is oft en diffi cult to predict which traits will be most relevant under changing environments. Opportunely, correlations do exist between differentiation of quantitative traits and neutral markers ( Frankham et al., 1999 ; Merila and Crnokrak, 2001 ; Leinonen et al., 2008 ; Jump et al., 2009 ) . In fact, with the unpredictable nature of climate change and the diffi culty of determining which traits would be most relevant in changing environments, genetic diversity measures from widely available neutral markers may be one of our best estimates of adaptive potential in naturally occurring populations ( Humphries et al., 1995 ; Jump et al., 2009 ).
Recent studies have explored the use of spatial interpolation ( Espíndola et al., 2012 ) , generalized dissimilarity modeling ( Fitzpatrick and Keller, 2015 ) , or categorization ( Alsos et al., 2012 ; Yannic et al., 2014 ) of contemporary genetic landscapes to estimate changes in the genetic diversity of populations under future climates. While these methods constitute a substantial step forward for predicting the future genetic composition of species, they do not account for spatially explicit changes in population densities, explicit population histories, or migration rates due to habitat changes. Here, we address these issues while moving beyond predictions of species presences or absences in the future. Our goal is to implement a novel framework to predict the impact of future climate shift s on the spatial distribution of neutral genetic diversity within species.
To shed new light into the potential evolutionary consequences of anthropogenic environmental change ( Parmesan and Yohe, 2003 ) , we expand on the use of species distribution models (SDMs). Th is tool has been widely used to predict how the range of populations will shift in response to climate change (reviewed by Alvarado-Serrano and Knowles, 2014 ; Fordham et al., 2014 ) . SDMs estimate habitat suitability across a landscape and are typically created by inferring the ecological tolerances of a species from observed locality data ( Peterson et al., 2011 ) . Once a model is trained with available occurrence records, it can be projected onto a geographical area at current, past, or future times. To date, hundreds of studies have used correlative SDMs (e.g., Maxent or Random Forests; Peterson et al., 2011 ) to quantify changes in habitat suitability over time (e.g., Graham et al., 2010 ; Anderson, 2013 ; Assis et al., 2014 ). Yet, these methods have garnered criticism when used for prediction of species' responses to environmental change given the somewhat simplistic assumptions used for model projection. For instance, SDMs oft en fail to account for dispersal abilities or barriers. In many cases, it remains uncertain whether habitats predicted as suitable under future climatic conditions can actually be colonized ( Peterson et al., 2011 ; Anderson, 2013 ) .
Genetic data, when merged with spatial analyses, can provide a key missing part of this equation ( Chan et al., 2011 ; Marske et al., 2012 ) . Recent approaches have been building upon the use of SDMs by coupling them with coalescent analyses that allow for a better understanding of how demographic processes impact (or impacted) populations, both now and in the past ( Knowles and Alvarado-Serrano, 2010 ; Brown and Knowles, 2012 ; Gehara et al., 2013 ; He et al., 2013 ; Dellicour et al., 2014 ) . Specifi cally, these studies have employed SDMs to infer temporally specifi c landscape suitability and landscape dispersal permeability, which represents the ease of dispersal from one locality to another. Using this information, mechanistic demographic models based on empirical lifehistory data (generation times and growth rates) have been built to assess how the distribution of a species, and local density, changed from the past to the present. Based on this estimated colonization history, coalescent genealogies can be simulated from current time into the past, characterizing the entire genetic landscape ( Knowles and Alvarado-Serrano, 2010 ; Brown and Knowles, 2012 ; Gehara et al., 2013 ; He et al., 2013 ) .
We further expand on these spatial coalescent-based analyses and build on inferences about past population responses to environmental change to predict key demographic and genetic parameters of populations, particularly aimed at fl agging potential changes in population sizes and genetic diversity under future environmental conditions. Th is paper is a demonstration of our method and, before any genetic measurements can be used with confi dence to guide conservation eff orts, evaluation of additional demographic scenarios and measurements of model uncertainty need to quantifi ed (see Discussion for information on these improvements). To implement this framework, we used locality and genetic data from the widely distributed herbaceous species Penstemon deustus (Plantaginaceae ). We carefully parameterized SDMs under present environmental conditions and projected these models into past and future climates in western North America to obtain temporally dynamic estimates of the spatial distribution of suitable habitats and landscape dispersal permeability for this species. Because accurate estimates of several key demographic parameters that are essential for the assessment of species-specifi c responses to climate change are unknown for most species, including P. deustus , we use empirical genetic data (intraspecifi c DNA sequences) analyzed under an approximate Bayesian computation (ABC) framework to glance into the past and to estimate these key demographic parameters (i.e.; long-term migration rates, maximum landscape carrying capacity, and ancestral population sizes) for our target species. We then employed these parameter estimates to predict into the future by building demographic and spatial genetic models of future landscapes and quantifying the expected impact of climate change on the spatial distribution of genetic variation within P. deustus (see Fig. 1 for graphic overview). By using the spatial coalescent as a lens to understand historical population demography, we make better-informed and more realistic predictions about the potential genetic outcomes of ongoing and future changes.
MATERIALS AND METHODS
Study species -We focused this study on Penstemon deustus (Plantaginaceae) Douglas ex Lindl. var. pedicellatus M.E.Jones, a widespread and common herbaceous species in northwestern North America ( Kartesz, 1999 ; Fig. 2A, C ) . Th e species occurs in sagebrush habitat and on rocky slopes on sky islands (ca. >1000 m a.s.l.) in the Cascade Range and Great Basin. Penstemon deustus is a perennial with many small fl owers, blooming early in the spring. Flowers are protandrous and exhibit some self-compatibility with mixed mating systems ( Kramer, 2008 ) . Seed dispersal is generally by gravity, though seeds may occasionally be carried by wind along the ground ( Fuller and del Moral, 2003 ) . Pollination is primarily by small bees and some bumblebees (several Osmia spp. and Bombus spp.; Kramer et al., 2011 ) . Local population sizes and densities range from 100 to 500 or more fl owering plants ( Kramer et al., 2011 ) .
Population genetic data of P. deustus were obtained from Kramer et al. (2011) , with permission from the authors. Kramer et al. (2011) sampled eight localities across four mountain ranges of the Great Basin region (two localities per mountain range). More than 100 plants were sampled per locality. Using a set of seven microsatellite markers, Kramer et al. (2011) showed that P. deustus has signifi cant genetic structure ( F ST = 0.133, R ST = 0.407). Th is strong genetic subdivision suggested limited admixture between populations both within and among mountain ranges. Mantel tests revealed signifi cant isolation by geographic distance with both F ST and R ST (Mantel test, F ST P = 0.02; R ST P = 0.01). Further analyses suggested limited gene fl ow north-south and east-west. Population-level inbreeding was signifi cant in four of the eight sampled populations.
Occurrence data-We compiled 984 occurrence localities of P. duestus from primary literature and the Global Biodiversity Information Facility (www.GBIF.org). All occurrence localities were vetted for spatial and taxonomic accuracy. Points that met one or more of the following criteria were removed: (1) taxonomic uncertainty, (2) low coordinate precision, (3) coordinates grossly outside of the known range (as reported by Kartesz, 2015 ) , or (4) coordinates that precisely matched counties' centroids (indicating general range information rather than specifi c population location). Spatial sampling biases in the fi ltered occurrence data were corrected with SDMToolbox, a python-based ArcGIS toolbox ( Brown, 2014 ) , by rarefying the localities and randomly selecting a single occurrence point when many were present within a shared area at a 10 km 2 spatial resolution. We used a 10 km 2 radius to rarefy the localities because it retained spatially independent data in regions of high habitat and topographic heterogeneity, while considerably reducing spatial autocorrelation between occurrence localities and the climate data used here (as measured in the program SAM v4.0 using a spatial correlogram, Rangel et al., 2010 ) . Th e resulting 361 localities were used for modeling (Appendix S1, see Supplemental Data with the online version of this article).
Climate data -Climate data under present-day conditions were composed of a subset of the original standard Bioclim variables ( n = 8; Bio1, 4, 10-12, 15-17) at 2.5 arc-minute resolution, downloaded from the Worldclim Global Climate Data website (www. worldclim.org; Hijmans et al., 2005 ) . Th is subset corresponds to bio-climate variables that are also available for past periods. Past climate data were taken from snapshot climatic simulations spanning the last 50 kyr using the Hadley Centre Climate model (HadCM3, Singarayer and Valdes, 2010 ; Fuchs et al., 2013 ) , from which climatic reconstructions are available at short (1-4 kyr) time intervals. Th e fi ne-interval climate data enable a more continuous and dynamic view of habitat suitability through time. Climatic data for four future climate time periods (2030, 2050, 2070, and 2080) were obtained from the most recent Hadley Centre Climate model (HadGEN2-ES) provided by the 5th IPCC climate assessment ( IPCC, 2014 ) . We used the RCP 6.0 emission scenario to represent moderate temperature change. Th is model projects a future world of rapid economic growth, new and more effi cient energy technologies, and convergence between regions ( IPCC, 2014 ) . Th e RCP 6.0 scenario is most similar to the former IPCC v4 A1B scenario and adopts a balance across all energy sources (fossil and renewable) for the technological change in the energy system ( IPCC, 2014 ) . Th is and the A1B scenarios have been extensively used to represent a medium emission trajectory ( van der Linden and Mitchell, 2009 ), resulting in mid-range estimates of average global changes ( IPCC, 2014 ). We did not include alternative scenarios because our focus was on assessing the relative power of our approach in comparison to traditional uses of SDMs. For an accurate estimation of spatial predictions of the genetic consequences of future climate change, additional emission scenarios and climate models need to be evaluated.
Species distribution models -Species distribution models (SDMs) for P. deustus were generated in the program MaxEnt v3.3.3k ( Phillips et al., 2006 ) . Models were built on the entire range of the species (western North America, as depicted in Fig. 2Cii ) and later clipped to the extent of this study ( Fig. 2Ci ; 43.736N, −120.972W by 35.236N, −112.129W). To reduce issues associated with background selection and unoccupied, climatically suitable habitat (see Anderson and Raza, 2010 ; Barbet-Massin et al., 2012 ; Merow et al., 2013 ) , a minimum convex polygon was created from occurrence localities to which a 100 km buff er was applied. Th is area was used for background point selection for modeling (performed in SDMtoolbox v1.1b). To properly parameterize models, we (1) performed a spatial jackknifi ng of the background and occurrence points, and (2) independently evaluated all model feature classes (the type of mathematic relationship assessed between the environmental data and occurrence data) and several regularization multiplier factors (which condition how closely the model fi ts the occurrence points, with greater values allowing a more spread out distribution; see Peterson et al., 2011 ; Shcheglovitova and Anderson, 2013 ; AlvaradoSerrano and Knowles, 2014 ; Boria et al., 2014 ; Radosavljevic and Anderson, 2014 ) . Given our sample size of 341 localities, we evaluated the performance of fi ve combinations of feature classes [linear (1), linear and quadratic (2), hinge (3), linear, quadratic and hinge (4) and linear, quadratic, hinge, product and threshold (5)], and for every regularization multiplier value tested (which ranged between 0.5 and 5 in increments of 0.5; see Phillips and Dudik, 2008 ; Shcheglovitova and Anderson, 2013 ; Radosavljevic and Anderson, 2014 ; Brown, 2014 for details).
Models were evaluated by geographically structured k -fold cross-validation, a method that tests evaluation performance of spatially segregated localities ( k = 5, SDMtoolbox 1.1b; Brown, 2014 ) . Model fi t was evaluated by omission rate, area under the curve (AUC), and model feature class complexity, in the order listed (see Brown, 2014 for details). Aft er the optimum model parameters were determined (those showing a model with the lowest omission rate, highest AUC, and lowest complexity), a fi nal model was built using all localities together. Th is model was then projected to all future and past climates. When predicting for variable values outside the range found in the study area, all projections of the response curves of the fi nal model were reset ("clamped") to match the upper or lower values found in the study area ( Phillips et al., 2006 ) .
Transforming SDMs into demographic parameters-Th e SDMs were rendered into two components for use in the demographic simulations: (1) friction landscapes ( F l ) and (2) carrying capacity landscapes ( K l ; see Knowles and Alvarado-Serrano, 2010 ; Brown and Knowles, 2012 for a detailed overview of methods). In brief, the SDM values were rescaled for friction landscapes so that values ranged from zero to one and then inverted. Th e resulting F l , defi ning the relative difficulty of movement of individuals between demes, depicted areas of high predicted habitat suitability as having low friction values to dispersal. In our demographic models, the number of emigrants per generation was the result of the migration rate ( m , the per generation probability that an individual moves out of a deme) and the total number of occupants in that deme (which in turn depended on the local carrying capacity, k , and the logistic growth parameter, r ). Th e spatial distribution of emigrants in each generation is associated with the friction values of neighboring demes. Friction and carrying capacity landscapes were created for the 41 time periods with climate data available. Before ABC analyses, we tested six common demographic transformations (transformation type: linear, sigmoid, binary; and two μ values for each transformation type; Brown and Knowles, 2012 ) . Here we used a single scenario, a sigmoid conversion, to convert the SDM into K l and F l (with F l being the inverse of K l ; see Brown and Knowles, 2012 for details) because it best matched current distribution data and population densities. Th e fi nal transformation was done by using a normal cumulative distribution function, where the infl ection point of the sigmoidal curve, μ , was 0.510 and the slope of the curve, σ , was 0.084. Th ese values were obtained from corresponding current SDM values measured at observed localities, where the lower quartile equaled μ and half of the standard deviation equaled σ (see Brown and Knowles, 2012 for a detailed explanation and discussion of these parameters). Th e ABC analyses required extensive computational time and our ability to evaluate alternative transformation scenarios was limited. For an accurate estimation of spatial predictions of the genetic consequences of future climate change, additional demographic transformation scenarios must be evaluated in ABC analyses (see Brown and Knowles, 2012 for an overview of this).
FIGURE 1
Overview of spatiotemporally explicit modeling of genetic changes due to future climate change. (A) An overview of the modeling pipeline. Three phases occur: species distribution modeling at diff erent time periods characterized the spatiotemporal distribution of suitable habitats and dispersal potential through the landscape. Unknown demographic parameters (here migration rate, deme maximum carrying capacity, and eff ective ancestral population size) are estimated using approximate Bayesian computation (ABC) by comparing how well simulations based on a wide range of biologically relevant values emulate the observed genetic values. Lastly, ABC-estimated demographic parameters are run in fi nal simulations for various time periods. Genetic simulations are run backward in time using the simulated colonization history from forward time demographic models. (B) Three temporal scenarios modeled in this paper in the third step of our pipeline. (C) Spatially explicit measurements of future genetic change. Demographic and spatial genetic modeling-A two-dimensionalstepping stone, forward-in-time demographic colonization process ( Kimura and Weiss, 1964 ) was simulated based on the per-deme maximum carrying capacity, migration, and density limitations imposed by the SDMs (i.e., by the F l and K l landscapes), using the program SPLATCHE 2 ( Ray et al., 2010 ) . During demographic modeling, the colonization of the landscape proceeded in a generation-by-generation manner initiated from of individuals in a predetermined ancestral source area(s). During each generation, population growth in each deme followed a logistic model characterized by a per-generation intrinsic rate ( r ) and the timespecifi c SDM-informed maximum carrying capacity ( K l ). Th is step was immediately followed by migration of individuals into neighboring demes conditioned by the time-specifi c SDM-based friction of the landscape ( F l ). A spatial resolution of 20 km 2 was used for the demographic modeling because the spatial autocorrelation of the observed genetic data approached zero at this resolution (measured in SAM v4.0 using a spatial correlogram; Rangel et al., 2010 ) .
A total of 500,000 forward-in-time simulations, in which the colonization of contemporary populations were dependent upon the demographic and environmental parameters, were performed under diff erent parameter settings (see below). Each one of these simulations was then followed by a corresponding backwardin-time coalescent simulation parameterized by the spatially explicit demographic conditions simulated fi rst. Specifi cally, the record of the per-generation movement of individuals and deme population sizes from the demographic simulations informed the probability of within deme coalescent events and the probability of each sampled gene backward-in-time movement to neighboring demes. Genes from focal populations were sampled from the resulting genealogies (see Excoffi er et al., 2000 ; Currat et al., 2004 ; Knowles and Alvarado-Serrano, 2010 ; Ray et al., 2010 ; and Brown and Knowles, 2012 for an overview of data fl ow and input parameters).
A logistic growth rate of 0.2 and a generation time of 10 yr were fi xed in all demographic simulations. Th is long generation time had to be employed due to computational limitations on the number of generations and spatial resolution. To adjust the simulations to the actual generation time, which is ca. 1 yr ( Kramer et al., 2011 ) , we multiplied the observed mutation, recombination and growth rates by 10 in all simulations. Th is ensured that the modeled rates match the true history of the species and the tempo of climate change represented in our SDMs.
Initial population densities and the spatial location of historic occurrences used to initialize demographic models were obtained from the top 1/10 quantile of SDM values observed in the 50 kya SDM ( Knowles and Alvarado-Serrano, 2010 ) . Th e maximum number of individuals allowed in each simulation (i.e., the maximum per deme carrying capacity) was allotted to each "presence" cell at the start of the simulations. If the cell's actual carrying capacity, as informed by the corresponding projected SDM, was lower than the maximum capacity (i.e., if their suitability was lower than the maximum), the remaining individuals were distributed in neighbor cells.
For the genetic simulations, we focused on conditions that matched the empirical microsatellite data set of Kramer et al. (2011) . Specifi cally, all simulated genetic data matched the empirical data in the number of loci sequenced (seven), the number of base pairs per locus, the corresponding models of nucleotide substitution, and the number of individuals per sampling locality (eight populations with 32 individuals each; Table 1 ). Specifi cally, the following seven dinucleotide microsatellite loci were simulated using specifi c dinucleotide repeat motif mutation rates as measured from the genome of Arabidopsis thaliana ( Marriage et al., 2009 ) ). Rates of recombination were set to 4.80 cM/Mb based on genomic averages in Arabidopsis and rice ( Rizzon et al., 2006 ) .
Demographic parameter estimation-Real populations oft en lack accurate estimates of key demographic parameters such as longterm migration rates, maximum landscape carrying capacity, and ancestral population sizes, which are essential for the assessment of species-specifi c responses to climate change. Th e lack of these key parameters represents a challenge when generating realistic scenarios of the future genetic constitution of species and populations. In the novel approach we propose here, the historical values of these critical demographic parameters are estimated using approximate Bayesian computation (ABC) ( Beaumont et al., 2002 ; Bertorelle et al., 2010 ; Csilléry et al., 2010 ) . In this statistical approach, parameter estimates are obtained by using statistics to summarize the data and simulations. Basically, under the ABC, paradigm simulations are performed following a hypothesized model (in our case informed by the set of time-specifi c SDMs and the known biology of P . deustus ), under an array of parameter values chosen from a bounded probability distribution ( Table 2 ) . Each simulation, as well as the observed data (set of microsatellite sequences in our case), is condensed into a set of summary statistics, and the set of simulations that most closely resemble the observed data is then used to estimate the most likely parameters' value and uncertainty ( Csilléry et al., 2010 ) .
Following the ABC framework outlined by He et al. (2013) , we used ABCsampler from the ABCtoolbox v1.0 package to perform 500,000 coupled demographic-coalescent simulations under a wide range of parameter values ( Table 2 ) . Th ese simulations were consistent with those of Kramer et al., 2011 and other research on P. deustus ( Kartesz, 1999 ; Kramer, 2008 ; Kartesz, 2015 ) . We removed all simulations in which any of the sampling localities ( Fig. 2G ) had fewer individuals than the empirically sample at any given locality. Th e remaining 448,967 simulations were summarized into a total of 140 commonly used summary statistics ( Table 2 ) that were calculated from the simulated (as well as empirical) microsatellite sequences using a command line version of the program Arlequin v3.5 ( Excoffi er and Lischer, 2010 ). Th is set of 140 summary statistics provided an ample characterization of inter-and intra-population genetic variation (Appendix S2, see the online Supplemental Data); Wegmann et al., 2009 ; Beaumont et al., 2010 ; Excoffi er and Lischer, 2010 ) and were all informative for model parameter estimation as demonstrated by the moderate to strong correlation with the free model parameters (online Appendix S3). Yet, because many of these statistics were highly correlated with each other, and given that ABC estimation accuracy is oft en reduced due to the impossibility of fi nding simulated data sets close to the empirical data when dimensionality is high ( Beaumont et al., 2010 ; Blum, 2010 ) , following Wegmann et al. (2009) , we transformed this large set of statistics into partial least squares (PLS) components ( Wold, 1966 ; Boulesteix and Strimmer, 2007 ) . Th ese PLS components, which are orthogonal linear combinations of summary statistics that maximize the covariance between statistics and parameters, were computed using the fi rst 10,000 simulations as random calibration. Aft er exploring the reduction of the root mean-squared errors associated with each additional PLS component for each parameter (online Appendices S3, S4); for details, see Wegmann et al., 2009 ) , we retained only the fi rst 10 PLS components.
Th e ABC estimation was performed using ABCestimator from the ABCtoolbox v1.0 package , under a standard ABC rejection approach ( Tavaré et al., 1997 ; Beaumont et al., 2002 ) . Summary statistics from each simulation were fi rst transformed into the PLS components previously computed, using transformer from the ABCtoolbox v1.0 package . Th e 2250 retained simulations (0.5%) closest to the empirical genetic data were retained. Posterior distributions of the parameters were then calculated based on this closest data set, aft er performing post-sampling regression adjustment by the ABC-general linear model approach . We verifi ed the fi t of the model to the empirical data by assessing the fraction of retained simulations that have a smaller or equal likelihood than the observed data, with a small fraction suggesting that the model does not fi t well the empirical data . In addition, we assessed the accuracy of the parameter estimation by calculating the coeffi cient of determination ( R 2 ) between each parameter and the 10 retained PLS components ( Neuenschwander et al., 2008 ) .
Estimating the genetic consequences of future climate change-
To estimate the genetic consequences of future climate change, three sets of simulations were run. All demographic simulations started 50 kya, but ended at diff erent periods: a current period (ca. year 2010) and two future scenarios (year 2080 and year 2080 plus 100 generations, the latter scenario referred hereaft er as 2080p). Th e 2080p scenario was included because genetic processes are known to lag behind demographic processes; thus, populations were simulated using the 2080 climate for an additional 100 generations. For each time scenario, the mode of the posterior probability of ancestral population size, of the migration rate, and of carrying capacity parameters (all inferred by ABC as previously stated) were used. All other parameters, including growth rate, were kept at the same values used for the simulations above. Genetic constitution of every occupied locality at the end of the demographic model was sampled (on average, 2094 grid cells for current and 559 for 2080/2080p). Demographic and genetic simulations were repeated 100 times for each of the three temporal scenarios, through 20 replicate demographic models, each with fi ve genetic simulation replicates ( Gehara et al., 2013 ) . Th e measured genetic changes for each future scenario were subtracted from the current genetic landscape to measure predicted genetic changes. Because output summary statistics of the simulated genetic data were highly correlated ( r 2 = 0.93, p < 0.001), we chose to only present mean allelic diversity here, which depicts the average allelic diversity ( r ) among the seven simulated microsatellites.
RESULTS

Species distribution models -
We evaluated 250 diff erent SDMs based on diff erent model parameters (feature class type and regularization multipliers) and input training/test data ( k -fold crossvalidation). Th e best performing model was the one parameterized with linear and quadratic feature classes and a regularization multiplier of 2 ( Fig. 2A ) . Th is model's high predictive accuracy is indicated by an average omission rate of spatially independent test data of 0.205 and an average AUC of spatial independent data of 0.991. Projecting this model using the future climate change scenario, habitat suitability is predicted to dramatically decline throughout the landscape ( Fig. 2B, G ) , with highest declines in suitability values in the Sierra Nevada Mountains, and widespread reductions predicted throughout the Great Basin. Only a few localities are estimated to increase habitat suitability by 2080 (i.e., the Rocky Mountains in Idaho or Colorado Plateau in southern Utah).
Demographic parameter estimates -Taking advantage of coupled demographic and coalescent simulations, our ABC analyses allowed TABLE 1. Empirical population and genetic information on observed populations: spatial data, population size and microsatellites summary statistics for focal populations used in this study (all data from Kramer et al., 2011 ) . us to estimate three key demographic parameters. Estimates of both long-term migration rates ( m ) and maximum landscape carrying capacity (maxK) show relatively narrow confi dence intervals within the parameter ranges explored. Ancestral population size was more diffi cult to estimate, as depicted by its right-skewed posterior distribution ( Fig. 3 ) . Th e maximum carrying capacity was estimated to be 51,642 individuals per 20 km 2 (129.4 individuals per km 2 ), with approximately 0.46% of each grid cell's occupants were estimated to emigrate every generation (i.e., 2388 individuals at maximum carrying capacity). Th e ancestral eff ective population size was comparatively low and estimated at 100 individuals. All estimated parameters were signifi cantly associated with the summary statistics components (all p < 0.001): however, the power of our parameter estimates was still relatively low (see R 2 and p in Table 2 ).
Focal population information
Final demographic and genetic models -Th e simulated genetic landscape under present-day conditions predicts widespread high genetic diversity throughout the Sierra Nevada Mountains and the north-central Great Basin (ca. 7-9 alleles per locality, on average). Further east, genetic diversity is dramatically reduced, and many localities are estimated to have, on average, a single locus of each simulated microsatellite. In the Mojave Desert, to the south, and the Great Salt Desert, to the east, respectively, the species is absent. Under future climatic scenarios, genetic diversity is predicted to decline dramatically across the central Great Basin, with the exception of the areas surrounding the Columbia Plateau, the Ruby Mountains, and parts of the Colorado Plateau in southeastern Utah. Th e 2080p scenario predicts continued loss of allelic diversity in the Ruby and the northern Sierra Nevada Mountains, whereas genetic diversity is maintained in other areas ( Fig. 2E, F ) .
Widespread declines are predicted in the number of individuals under the two future scenarios, with a 98% reduction being estimated-from ca. 1.92 × 10 7 individuals in the current simulation to, on average, 4.02 × 10 5 individuals in the 2080/2080p scenarios. Yet, the total allelic diversity loss is less drastic, with an allelic diversity loss of 15-20%. Average total allelic diversity of the current, 2080 and 2080p landscapes are, respectively, 71.35 ± 1.51 (standard deviation), 60.94 ± 1.14, and 56.94 ± 1.31. Although these models predict only moderate loss of genetic diversity at the species level, genetic diversity of individual demes is expected to experience greater declines. Individual populations are predicted to decline to 62-80% of their current average allelic diversity. Average allelic diversity of occupied cells is, respectively, 7.15 ± 0.02, 5.75 ± 0.06, and 4.41 ± 0.04 for the current, 2080, and 2080p simulations, indicating substantial reduction in genetic diversity.
DISCUSSION
We implement a novel method for predicting spatially explicit genetic and demographic landscapes of future populations using Penstemon deustus as a study system. Th is fl exible framework uses carefully parameterized SDMs as estimates of the spatial distribution of suitable habitats and landscape dispersal permeability. Importantly, we use approximate Bayesian computation (ABC) to estimate key unknown demographic parameters based on population genetic data from empirical populations. Our approach accounts for system-specifi c climatic, geographic and biological complexity to estimate the neutral genetic diversity of populations. To our knowledge, this is the fi rst method to provide future spatially explicit genetic estimates based on realistic climatic, demographic and genetic data.
Using demographic and genetically based models provides key advantages for quantifying the eff ects of future climate change relative to the use of SDMs alone. Habitat suitability values output from SDMs oft en do not refl ect easily quantifi able characteristics of natural populations and, thus, are diffi cult to interpret in terms of the precise biological consequences of temporal or spatial changes. For instance, large reductions in areas of high habitat suitability values may result in less drastic local eff ects to populations in the future if overall habitat suitability remains above a certain threshold. Our simulations of P. deustus in the Sierra Nevada Mountains show that the amount of estimated changes under current vs. future conditions varies considerably depending on the inference method used (SDM-only in Fig. 2G ; demographic and genetic estimates in Fig. 2H, I ). Large diff erences between present-day and future habitat suitability are predicted when comparing SDM outputs alone. However, these differences do not appear to equally, or signifi cantly, impact the distribution of genetic diversity when we employ demographic parameters, estimated from genetic data, into the predictions themselves. Conversely, subtle environmental changes in regions where local populations are near the very extremes of their ecological tolerances (i.e., localities usually characterized by low SDM suitability values) can have dramatic consequences. In our case study, a large portion of the central Great Basin transitions from possessing high population densities under present-day conditions to local extinction in future models ( Fig. 2A-G ) .
Expected shift s in the geographic distribution of genetic diversity were also estimated here. Allelic diversity landscapes for both 2080 and 2080p remain constant throughout most of the species' predicted distribution, suggesting a balance between loss of diversity due to genetic drift with potential genetic gains due to migration and de novo mutations. However, in some regions (e.g., near Ruby and northern Sierra Nevada Mountains), genetic diversity is predicted to dramatically decrease under the 2080p scenario, suggesting a stronger local infl uence of genetic drift (carrying capacity of the landscape is fi xed between these two time periods; Fig. 2E, F ) . Compared to the SDMs, these demographic and genetic-based models provide quantifi able estimates of demographic and genetic parameters (e.g., the number of individuals predicted at each cell, average allelic diversity) that present a more complete picture of the possible consequences of climate change.
Our parameter estimates were consistent with empirical data available for P. deustus . For instance, our estimate of maximum carrying capacity (maxK= 129.4 individuals per km 2 ) nicely matches recent census data (100-500 total individuals, as per Kramer et al., 2011 ) . Further, the low number of migrations into adjacent demes (0.46% of each grid cell's occupants) is consistent with observed genetic and natural history data: P. deustus is primarily bee-pollinated, which likely increases population structure and genetic isolation relative to co-distributed congeners that are either avian-or wind-pollinated ( Kramer et al., 2011 ) . Despite these consistencies and our signifi cant parameter estimates (all p < 0.001), the power of our parameter estimation was still low ( R 2 and p in Table 2 ). A critical step forward in this framework will be to evaluate model uncertainty and its eff ects on genetic estimates ( Collevatti et al., 2015 ) . It will be important to incorporate uncertainty introduced by future climate models and scenarios, as well as uncertainty resulting from the demographic parameter estimates, SDMs, and the conversion of SDMs into carrying capacity landscapes. At the moment, our models provide a new framework for realistic forecasts of genetic landscapes. Th ese results, however, should be interpreted with caution until there is an improvement in how model uncertainty is directly incorporated into estimates and projections.
An important assumption of the framework implemented here is that local populations will keep tracking climatic changes as they have done in the past, or, in other words, that the demographic parameters estimated from empirical neutral genetic data will be appropriate to model biological responses into the future. Th is framework implies that lineages will continue to track climates, as opposed to adapt to new local environmental conditions-a statement not free of caveats ( Rubidge et al., 2012 ) . Mounting evidence has shown that populations can exhibit adaptive genetic changes over short evolutionary time periods (reviewed by Franks et al., 2014 ) . One alternative to account for this possibility is to experimentally quantify genetic changes in response to temporal shift s in the environment, as has been done in studies that compare ancestral and descendant lineages raised in common gardens ("resurrection approach", Franks et al., 2008 ) . Moreover, seed banks specifi cally designed to study evolution in ancestral and descendant lineages using the resurrection approach (Project Baseline; Franks et al., 2008 ; Etterson et al., 2016 in this special issue) now enable empirical quantifi cation of spatiotemporal responses to strong environmental selection. We suggest that genetic data acquired from such eff orts could be used to further assess the precision and relevance of the simulated spatiotemporally explicit neutral genetic landscapes that we present here. Comparing statistical diff erences between simulated genetic neutral data and observed spatiotemporal genetic changes will further improve measurements of selection strength and shed light on correlations between ecological drivers and genetic diversity.
Evolutionary seed databases, such as Project Baseline ( Franks et al., 2008 ) , a seedbank for understanding plant population responses to climate change, provide important opportunities to ground-truth future genetic estimates. Th is resource facilitates studies aimed at understanding evolutionary patterns and processes across space and time and can provide critical insight into the accuracy of future model projections. Another key area of future study should focus the eff ects local adaptation to environments through time (vs. climatic niche stability and spatial tracking, as assumed here). Modeling testing with ABC in conjunction with changes in species distribution model specifi city (e.g., using diff erent regularization multipliers in Maxent), diff erent demographic transformations, and models built with specifi c lineages, provide a framework to study the eff ects of changes in ecological tolerances. Th e level of spatiotemporal niche stability could increase or decrease the spatial segregation of populations and genetic diversity. Lastly, simulations of selection across changing landscapes will help contrast potential signatures selection (vs. neutral landscapes as simulated here) and the eff ects of spatiotemporal changes in habitat.
Under the framework presented here, conservation strategies will be able to focus on lineages or populations that are particularly vulnerable in terms of demographic parameters and genetic diversity. Conservation strategies may be critically evaluated or adapted to the existing reserve network to potentially maximize genetic diversity or species abundance in a dynamic landscape. Applications of this method can also go beyond estimating the eff ects of climate change to incorporate other anthropogenic changes, including land use and the impacts of urbanization and deforestation.
With improved statistical pipelines and increasingly available genomic, population, and climate data, scientists will be able to provide more precise estimates of the genetic consequences of future climate change. Using available data on P. duestus , we successfully demonstrate this framework has the potential to be used on a wide range of taxa and scenarios. Our method can provide key insights into the spatiotemporal eff ects of current, past, and future distribution shift s-an approach that can inform how demographic shift s have shaped, and will continue to shape, biotas. Accordingly, we can potentially identify the specifi c circumstances and lineages where conservation is needed, leading to more effi cient conservation practices. 
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